Abstract Four weather generators, namely, R-package version of the Generalised Linear Model for daily Climate time series (RGLIMCLIM), Stochastic Climate Library (SCL), R-package multi-site precipitation generator (RGENERATRPREC) and Rpackage Multi-site Auto-regressive Weather GENerator (RMAWGEN), were used to generate multi-sites stochastic daily rainfall for a small catchment in Australia. The results show the following: (1) All four models produced reasonable results in terms of annual, monthly and daily rainfall occurrence and amount, as well as daily extreme, multi-day extremes and dry/ wet spell length. However, they also simulated a large range of variability, which not only demonstrates the advantages of multiple weather generators rather than a single model but also is more suitable for climate change and variability impact studies.
Introduction
Stochastic weather generators are statistical models that can relatively easily simulate realistic or plausible random sequences of atmospheric variables such as temperature and rainfall (e.g. Wilks and Wilby 1999) . The stochastic weather generators attempt to reproduce the spatial and temporal dynamics and correlation structures of the variables of interest (Ailliot et al. 2015) . These synthetic sequences provide a set of alternate realisations that can be used for risk and reliability assessment in the design and operation of agricultural, water resource and environmental systems (Mehrotra et al. 2006) .
There are literally thousands of papers on the development and applications of stochastic weather generators. For example, Wilks and Wilby (1999) present a review of the historical development of stochastic weather models, from simple analyses of runs of consecutive rainy and dry days at single sites, through to multi-site models of daily precipitation. They also describe models that have been developed specifically for applications in agriculture, ecology, hydrology and simulations of regional climate change. Ailliot et al. (2015) provide an overview of weather type models of stochastic weather generators. Recently, the need for regional impact studies of large scale climate changes have spurred a strong interest in linking local and global climate variables, leading the way to the so-called downscaling methods of stochastic weather generators (Ailliot et al. 2015) . Maraun et al. (2010) and Wilks (2010 Wilks ( , 2012 discussed in detail the strong links between downscaling approaches and weather generators, mainly focusing on how to make the connection between circulation patterns and local atmospheric variables at the daily scale, which makes weather generators can be used for climate change impact studies.
The aim of this paper is to describe the application of four weather generators to simulate multi-site daily rainfall in a 3000-km 2 region in southeastern Australia. These four models are chosen because they are relatively easy to use, are freely available and have different principles and algorithms. The RGLIMCLIM evolved from the earlier Glimclim package (Chandler 2015) , which was a suite of Fortran programs that were developed from the mid-1990s onwards for the modelling and simulation of daily rainfall sequences. The R interface makes for a much more convenient end-user interface and much easier to save and update models and to transfer and visualise information (Chandler 2015) .The package is supplied as a precompiled binary distribution for Windows users and as a source package for other operating systems. The SCL (Srikanthan et al. 2007 ) is available for the use as licenced software tools. The end-user needs to register online and accepts the Licence Agreement before one can download the package, and it provides the binary executable files. It has a simple interface. However, end-users should prepare the data (rainfall, temperature or PET) according to its format and upload one station by one station. Both RGENERATEPREC and RMAWGEN (Cordano and Eccel 2016) are standard R-packages, which can be installed thorough R console. Accordingly, the source code and the algorithms can be viewed and modified by end-users.
The motivation of this study is that weather generators have a wide range applications, which include, but are not limited to (a) The ability to create alternative general circulation models (GCMs) futures from one GCM run without having to run the GCM itself again. This can be used for the uncertainty analysis of the GCM or uncertainty analysis of regionalisation of given GCM and associated climate change impact studies. For example, Peel et al. (2015) have used a weather generator to produce 100 stochastic replicates of each of their five best GCM runs at their study catchments to quantify the uncertainty of annual runoff and reservoir yield; (b) BBottom up^approach to Bstress test^an ecological asset or water infrastructure; and (c) As a kind of statistical downscaling, i.e. creating realistic rainfall traces from unrealistic GCM rainfall. As we know that GCMs tend to describe the global climate statistics reasonably well, but they do not provide a representative description of the local climate. For example, in southeast Australia, the annual mean of precipitation from 1961 to 2000 is 502 mm, but 25 GCMs simulations range from 195 to 807 mm (Fu et al. 2013b ). However, statistical downscaling (either with weather generators or other type models) from GCMs produced realistic precipitation similar to observations (Frost et al. 2011) . In fact, the stochastic rainfall data generated here will be used to assess the cumulative impact of coal resource development in the context of climate variability and climate change.
The ability of these models to simulate the different rainfall characteristics is presented and the relative merits of the models, as well as the advantages of using multiple models, are also discussed.
Data and methods

Study catchment
The study region is the Gloucester catchment, located about 250 km north of Sydney (see Fig. 1 ). The Gloucester subregion is part of the Northern Sydney Basin Bioregion (McVicar et al. 2014) , one of the bioregional assessment regions where the cumulative impact of coal resource development is being assessed by the Australian Government (Barrett et al. 2013; McVicar et al. 2014) . The region has a temperate climate and mean annual rainfall of about 1100 mm, dominated by summer rainfall. The elevation in the region varies from 10 to 515 m (Australian Height Datum) (McVicar et al. 2014) . It is mostly undulating with relative low slopes with some steep slopes being found at the edge of the region in bordering mountain ranges (McVicar et al. 2014) .
The study region is about 3000 km 2 in area and includes 1560.05°(longitude) × 0.05°(latitude) grid cells with rainfall data. Each of cells is about 25 km 2 depending on latitude. However, to reduce computational time and to realistically model the spatial rainfall correlations, stochastic daily rainfall is generated for 21 points with a cluster analysis (see Fig. 1 ), which can then be interpolated to provide stochastic rainfall inputs at the 156 grid cells for hydrological modelling. The cluster technique used in this study is known as hierarchical agglomerative method: it starts out by putting each observation into its own cluster, then examines all the distances between every-two-observations and finally pairs together the two closest ones to form a new cluster. This process continues until all observations become into a cluster. This cluster analysis is provided in R through the hclust function. The study catchment is chosen because of its significant cumulative impacts of the coals seam gas and coal development on water resources and availability (Department of the Environment 2013), and a critical question is the cumulative impact of coal resource development in the context of climate variability and climate change. This study shows that the stochastic daily rainfall could contribute to this research topic.
Rainfall data
Daily rainfall data, from 1923 to 2013, from the Bureau of Meteorology (BoM) of Australia 0.05°gridded rainfall data product, is used in this study. It is a product of the Australian Water Availability Project (AWAP) (http://www.csiro.au/ awap/) by BoM and CSIRO. The gridded rainfall product is obtained by interpolating rainfall observed at gauging stations across Australia. The interpolation method uses a two-step process (Beesley et al. 2009 ): interpolation of monthly rainfall climatology using a thin plate smoothed spline and interpolation of anomalies of daily rainfall (expressed as a percentage of the climatological rainfall) using Barnes' successive correction method.
Weather generator models
RGLIMCLIM
RGLIMCLIM (Chandler and Wheater 2002; Chandler 2015 ) is a multivariate, multi-site weather generator based on generalised linear models (GLMs). It is an R-package version of the GLIMCLIM (Generalised Linear Model for daily Climate time series) software package that has been widely used for univariate weather generation in the UK, Australia, China, South Africa and elsewhere (Chandler and Wheater 2002; Yang et al. 2005; Yan et al. 2006; Frost et al. 2011; Liu et al. 2013; Ambrosino et al. 2014 ) and has also been updated to allow for the simultaneous generation of multiple weather variables. Details on the theory can be found in the developers' papers (Chandler 2002; Chandler and Wheater 2002; Yang et al. 2005 ) and the user's manual (Chandler 2015) .
Briefly, precipitation in RGLIMCLIM is modelled in two parts: occurrence and amount. The rainfall occurrence is modelled by using logistic regression and rainfall amounts using a gamma distribution with a common dispersion parameter. For the occurrence model, the pattern of wet and dry days at a site is modelled by using logit regression as (Chandler and Wheater 2002) :
where p i is the rainfall probability for the ith day in the dataset, conditional on a predictor vector x i with a dimension of m × 1 (m is the number of predictors), β is the coefficient vector with a dimension of m × 1, and accordingly x 0 i is the transpose vector of x i .
The rainfall amount is simulated by fitting a gamma distribution. The rainfall amount for the ith wet day in the database is taken, conditional on a predictor vector ξ ; i (transpose of a m × 1 vector and m is the number of predictors) and coefficient vector γ with a dimension of m × 1, to have a gamma distribution with mean μ i (Chandler and Wheater 2002) , where
The shape parameter of the gamma distribution (ν) is assumed constant for all observations. This is equivalent to assume that daily rainfall values have a consistent coefficient of variation (Chandler and Wheater 2002) . The shape parameters and a mean value estimated from Eq. (2) are then used to statistically produce rainfall amounts for the wet days.
To describe the climatology of the region, other covariates representing spatial dependence, seasonal variation, interactions terms and persistence are also included in the occurrence and amount models in RGLIMCLIM (Chandler 2002 (Chandler , 2015 Chandler and Wheater 2002) .
SCL
The Stochastic Climate Library (SCL, Srikanthan and McMahon 2005; Srikanthan et al. 2007 ) is a library of stochastic models for generating climate data. It has eight models for generating rainfall and climate data, i.e. single site rainfall at sub-daily, daily, monthly and annual timescales; single site climate (rainfall, evaporation and maximum temperature) at daily, monthly and annual timescales; and multi-sites daily rainfall (Srikanthan et al. 2007 ). The models in SCL have been tested using data from many sites across Australia (Srikanthan and McMahon 2005) .
A multi-site two-part model is used in SCL to generate daily rainfall at multi-sites. The model has two parts: rainfall occurrence and the rainfall amounts. A first-order two-state Markov chain is used to determine the occurrence of rainfall. For each site k, the Markov chain has the two transition probabilities: p k 10 , the conditional probability of a wet day given that the previous day was dry; p k 11 , the conditional probability of a wet day given that the previous day was wet. The unconditional probability of a wet day for the site k can be derived as
Given a network of N locations, there are N(N − 1)/2 pair wise correlations that should be maintained in the generated rainfall occurrences. This is achieved by using correlated uniform random numbers (u t ) in simulating the occurrence process. The uniform variates u t (k) can be derived from standard Gaussian variates w t (k) through the transformation. This assumption has been tested for a wide range Australia climate (Srikanthan et al. 2007 ), so it is used in this study. Details on the theory and techniques can be found in the SCL user's manual (Srikanthan et al. 2007 ).
RGENERATEPREC
RGENERATEPREC (Cordano 2015; Cordano and Eccel 2016) is an R multi-site rainfall generator. It also generates precipitation occurrence and amount in two steps. Based on Wilks' (1998) approach, daily precipitation occurrence is simulated by generating normally distribution random numbers as (Cordano and Eccel 2016) :
where [X i ] t is the binary state of precipitation occurrence in the ith site and on the tth day: 0 (dry day) or 1 (wet day, precipitation occurrence); [P 0i ] t is the probability of no precipitation occurrence for the ith site and on the tth day; [X i ] t is a normally distributed random variable; and P G (X) is the cumulate probability function of the normalised distribution. In RGENERATEPREC, the probability value of [P 0i ] t is conditional to the state of the previous day(s) and other exogenous variables, such as daily maximum temperature anomalies and the day of year. The exogenous option is not used in this study. Non-zero precipitation amounts in RGENERATEPREC are simulated through an inverse Gaussianization with the use of the monthly non-parametric distribution from the observations (Cordano and Eccel 2016) .
RMAWGEN
R Multi-site Auto-regressive Weather GENerator (RMAWGEN, Cordano and Eccel 2014, 2016 ) is built to generate daily temperature and precipitation time series in several sites by using the theory of vector auto-regressive models (VAR), which is used because it is able to maintain the temporal and spatial correlations among the several series (Cordano and Eccel 2012) .
A set of K random variables can be described by a Vector Auto-Regressive Model (VAR(K, p)) as follows (Cordano and Eccel 2012) :
where x t is a K-dimensional vector representing the set of weather variables generated at day t by the model, called Bendogenous^variables, A i is a coefficient matrix K × K for i = 1, …, p and p is the auto-regression order (p = 4 in our case study). u t is a K-dimensional stochastic process. x t and u t are usually normalised to have a zero mean. u t is a standard white noise (Luetkepohl 2007) , i.e. a continuous random process with zero mean and u t , u s independent for each t ≠ s;
consequently, it has a time-invariant non-singular covariance matrix. d t vector is the endogenous weather variables (MSLP, humidity, wind, etc.) that work as a predictor vector for stochastic generation of x t (rainfall in this case). C is the coefficient matrix. The VAR models work correctly if the variable x t is normally distributed, which requires a normalisation procedure of the meteorological variables (Cordano and Eccel 2012) . The structure of the RMAWGEN consists of functions that transform precipitation and temperature time series into Gau ssia n-d istrib ute d ra nd om v aria ble s t hr oug h deseasonalisation and principal component analysis (PCA). Then a VAR model is calibrated on transformed time series. The time series generated by VAR are then inversely retransformed into precipitation and/or temperature series (Cordano and Eccel 2014) . Details on the theory and methodology can be found in the developers' papers (Cordano and Eccel 2014, 2016) .
Model parameterisations and replications
The minimum model parameterisation are used in this study: the default procedures and parameters are used for SCL, RGENERATEPREC and RMAWGEN, and minimum number of parameters are used for RGLIMCLIM. It needs to point out that models can be further calibrated and improved to have a Bbetter^performance in comparison with observation. For example, the RGLIMCLIM does have a parameter to control every single month rainfall occurrence, and it then could simulate exact rainfall occurrence for every single month to have a perfect match with observations. However, we choose not to do so in this study for two reasons: to get a full ranges of climate variability and to take into account of uncertainties associated with Bobservation^data, which are interpolated from limited stations.
Each of the weather generators is used to generate 100 stochastic replicates. This allows us to explore not only the mean and median values of simulated rainfall, but also the range of climate variability.
Results and discussion
This section presents and compares the simulated rainfall from four weather generators for a wide range of statistics, including annual and monthly rainfall occurrence (Section 3.1), annual rainfall amount and variability (Section 3.2), monthly rainfall (Section 3.3) and daily rainfall statistics (Section 3.4), such as mean and standard deviation of daily rainfall, daily rainfall probability density and distribution, extreme rainfall, and wet spell and dry spell lengths and spatial distribution (Section 3.5).
Rainfall occurrence
Annual
The box plots in Fig. 2 show the range of the probability of rainfall occurrence (percentage of number of days with rainfall above 1 mm/day) in the observations at the 21 points, and the means from 100 stochastic replicates from the four weather generation models for the 21 points.
Both RGLIMCLIM and RGENERATEPREC produce similar annual rainfall occurrence compared to the observations, but the SCL slightly underestimates, and the RMAWGEN slightly overestimates, the rainfall occurrence. For example, the mean and median annual rainfall occurrence across the 21 points are 0.339 and 0.335, respectively, from observations, and they are 0.341 and 0.337, and 0.339 and 0.334 from RGLIMCLIM and RGENERATEPREC, respectively. However, they are 0.326 and 0.321 from SCL, about 4% underestimation, and 0.367 and 0.332 from RMAWGEN, about 8% overestimation.
The rainfall occurrence ranges of both RGLIMCLIM and RGENERATEPREC are also close to observations: 0.308-0.392 from observation, and 0.288-0.395 from RGLIMCLIM and 0.294-0.404 from RGENERATEPREC.
Note that the SCL model does not have a function to set a threshold, so it treats any non-zero rainfall amount as a wet day, while other three models do have a function to set the threshold value (1.00 mm/day in our case). Therefore, SCL would significantly underestimate the annual rainfall occurrence, because the rainfall data used were interpolated from nearby stations. That is to say, if anyone of stations receives rainfall in 1 day, it will result in an amount of rainfall. As a result, 27.0% (22.4-33.9% from cell to cell) of days in the last 90 years has a daily rainfall amount of between 0.00 and 1.00 mm.
In order to solve this problem, a 3-step method (Fu et al. 2013a ) was implemented: (1) All the days with daily rainfall below 1.00 mm were set to 0. (2) The discontinuous time series of daily rainfall without any values between 0 mm 1.00 mm from step 1 are inappropriate for modelling simulation, so we minus 0.99 mm from all wet days. It makes the continuous daily rainfall amount, which is suitable for the SCL modelling. (3) After the model simulation results are obtained, a 0.99 mm was added back to all wet days. This method has been proved as an effective method to deal with the threshold issues and to improve the model performances.
Monthly
The box plots in Fig. 3 show the range of the probability of rainfall occurrence (percentage of number of days with rainfall above 1 mm/day) in the observations at the 21 points in each of the 12 months, and the means from 100 stochastic replicates from the four weather generation models for the same 21 points.
It seems all models can reproduce the annual cycle (monthly distribution) of rainfall occurrence: a wet summer and a dry winter (Fig. 3) . However, slightly differences do exist: Overall, RGENERATEPREC performs the best and the median values of 100 simulations exactly match the observed monthly rainfall occurrence: a correlation coefficient of 0.999 and mean relative errors 0.02%. The relative errors range from − 0.7 to 0.8% for 12 months. It is not surprised that all months of SCL (− 7.1 to − 0.7% with a mean of 3.9%)/ RMAWGEN (6.9 to 9.2% with a mean of 8.2%) underestimate/overestimate the rainfall occurrence due to their respective annual performances (Fig. 2) .
Note that the models can be further improved to have a Bbetter^fit with observations in term of annual cycle. For example, as mentioned earlier, RGLIMCLIM has a parameter to control every single month rainfall occurrence (monthly effects, Code 11-22, Table 1 ; Chandler 2015) . It then can simulate exact rainfall occurrence for every single month. However, we chose not to do so in this study because monthly shift is one aspect of climate change and variability and our objective is to obtain a wide range scenarios of climate change and variability and then to use the simulation results to explore the impacts of climate change and variability on water resources. For example, recent research (Murphy and Timbal 2008; Potter et al. 2010; CSIRO 2012; Timbal and Drosdowsky 2013) have identified that decreased autumn (southern hemisphere) rainfall in recent years relative to other 1 3 5 7 9 12 2 4 6 8 11 1 3 5 7 9 12 2 4 6 8 11 Monthly rainfall and occurrence All models reproduce the monthly rainfall pattern through the year, with the same under or over estimation as in the annual rainfall occurrence. Percentage over annual rainfall is better simulated than absolute monthly rainfall amount due to annual rainfall under and over estimations seasons is one of the reasons resulting in the larger than expected runoff decrease in the Murray-Darling Basin.
Annual rainfall amounts and variability
The annual mean, standard deviation (SD), the coefficient of variation (CV) and the ratio of maximum and minimum annual rainfall (K) provide a summary of whether a model can reproduce long-term hydro-climatic characteristics, e.g. water availability and drought.
The simulation results of overall long-term mean annual rainfall for 21 grid points are shown in Fig. 4 : the SCL produced the best results not only in term of relative errors (1.8%) but also spatial patterns (r = 0.99), while RGLIMCLIM produced the poorest results with an overestimation of 22.5% (Fig. 4) . It may partly be because SCL enforces close matches to annual and monthly rainfall explicitly, as well as fixes the pairwise correlation among all grid cells from observations, while RGLIMCLIM uses the correlation-based dependence structures, which allow the dependence to vary with distance. In general, it is better to fit a correlation model than to use the empirical correlations themselves. This issue will be further explored in Section 3.5 of spatial distributions.
The ratio of maximum and minimum annual rainfall, standard deviations and the coefficient of variations of annual rainfall from the four model simulations are shown in Fig. 5 . Among the four models, SCL seems the best model to simulate the variability of annual rainfall, while RGENERATEPREC is the worst, and RGLIMCLIM and RWAMGEN fall in between. For example, the ratios of the maximum and minimum annual rainfall from 1923 to 2012 from the observation is about 3.4 averaging over the 21 points (with a range of 2.8-3.6). That is to say the maximum annual rainfall is about 3.4 times of the minimum annual rainfall during the last 90 years, while the mean and median values of 100 simulations across the 21 points are 3.2 and 3.1, respectively. In contrast, the mean and median values are 2.4 and 2.4, 2.3 and 2.3, and 2.7 and 2.7, for RGLIMCLIM, RGENERATEPREC and RWAMGEN, respectively.
In term of standard deviations of annual rainfall, the observed standard deviations of annual rainfall is about 257.5 mm averaging across the 21 grid cells (range of 224.4-294.7 mm, median 260.8 mm), while the mean and median values of SCL 100 simulations across the 21 cells are 257.6 and 256.6 mm. RGENERATEPREC significantly underestimate the standard deviations of annual rainfall with mean and median values of 156.2 and 155.8 mm, which are − 30.4 and − 47.1% in comparison with observations. For example, a model is considered not acceptable when the relative error of standard deviation is larger than 10% (tolerance 2) in Srikanthan and McMahon (2005) .
Since the coefficient of variation (CV) is the ratio of standard deviations and mean of annual rainfall, it is not surprised that its simulation results fall in between these two (Fig. 5) . 
Monthly rainfall
For hydrological applications, it is essential that simulations can reproduce the monthly distribution and intra-annual variability of rainfall. The results show that all the four models can catch the annual cycle (monthly distribution) of rainfall amount: a wet summer and a dry winter (Fig. 6) . It is not surprising given that the annual cycle of rainfall occurrence (Fig. 3) is well simulated and accordingly the monthly rainfall amount. For example, the correlation coefficients of between median monthly rainfall of 100 simulations averaging 21 grid points and observations are 0.9770, 0.9981, 0.9995 and 0.9996 for four models, respectively.
However, there are difference among the models: (1) SCL performs the best in terms of rainfall amount as well as rainfall percentage (monthly rainfall over annual rainfall in percentage term).
(2) Both RGENERATEPREC and RMAWGEN performed much better in rainfall percentage rather than rainfall amounts. It is because their mean annual rainfall is underestimated/overestimated by about − 16.4%/+ 5.7% (Fig. 4) , but their annual cycle are almost perfectly simulated. (3) RGLIMCLIM's simulations are relatively poor among the four models used, but they are still satisfactory. For example, the mean and median values of correlation coefficients between simulated and observed monthly rainfalls (i.e. a sample size of 12) of 100 simulations are 0.960 and 0.961, respectively, and the minimum correlation coefficient of 100 simulations is 0.892 (Fig. 6) . As it is stated in the previous section, the RGLIMCLIM has a parameter to control every single month rainfall occurrence, and it then could simulate exact rainfall occurrence for every single month. However, we chose not to do so in this study as abovementioned reasons. Besides rainfall occurrence, the rainfall amount models (both model structures and parameters) are also a source of uncertainties. Ideally, rainfall amount parameters should vary from season to season (Frost et al. 2011; Liu et al. 2013 ) to catch the different relationship and physical rainfall processes between rainfall amount and rainfall occurrence. The same parameters are used for entire 1923-2013 in this study. However, it is out of the scope of the current study, so it will not be explored further here.
Overall, the annual cycle (monthly distribution) of both rainfall percentage and amount is well simulated by four models used in this study, and the ranges of 100 simulations from each model also present a reasonable wide range of variability (boxplot of every month of Fig. 6 ). For example, March is the wettest month in the study region and receives 11.7% of annual rainfall. The 100 simulated monthly rainfall percentages for March from four models have a range of 10.2-12.5, 10.2-14.2, 10.2-12.6 and 9.8-13.8%, respectively (Fig. 6b) . These ranges are useful for climate change and variability impact studies.
Daily rainfall statistics
Daily rainfall characteristics, such as mean and standard deviation of wet-day daily rainfall, daily rainfall distribution, extremes (e.g. daily maximum, 99th and 95th percentiles), dry/ wet spell length and spatial correlations are critical for hydrological modelling.
Mean and standard deviation of daily rainfall
The mean and standard deviation values of wet-day daily rainfall from observation and four model simulations are shown in Fig. 7 . It has 21 values from 21 cells for observations, and 2100 values for each model simulation, i.e. 21 cells and 100 simulations. For the mean daily rainfall, RMAWGEN produced the best results, but a wider range. The RGLIMCLIM significantly overestimated it (20-25%), which is consistent with the overestimation of annual rainfall given a good results of rainfall occurrence. It is interesting to note that mean and median values of 2100 SCL mean of daily rainfall is about 10% overestimation. It implies the accurate simulation of annual rainfall from SCL resulted from a lower rainfall occurrence (Fig. 2) . It is not surprised to note that RGENERATEPREC underestimated the mean daily rainfall by about − 15%, given its underestimation of annual rainfall and good result of rainfall occurrence.
In term of standard deviation of daily rainfall, RGLIMCLIM and RMAWGEN seems to produce reasonable results, but both of them are skewed to a larger standard deviation. Overall, SCL overestimated the standard deviation of daily rainfall about 20%, while RGENERATEPREC underestimated it by − 30 to − 25% (Fig. 7) .
Probability density
The probability density is explored by two methods in this study: quantile-quantile (q-q) plot and cumulative density functions. The q-q plot is a graphical technique for determining if two data sets (i.e. observed and modelled daily rainfall) come from populations with a common distribution. A 1:1 reference line (perfect fit) is also plotted. If the two sets come from a population with the same distribution, the points should fall approximately along this reference line. The greater the departure from this reference line, the greater the evidence for the conclusion that the two data sets have come from populations with different distributions, i.e. the model results have larger differences with observations. The results indicate (Fig. 8 ) that the RGLIMCLIM produced the best fit with observations except just one extreme outliers, while the RGENERATEPREC significantly underestimated the extreme daily rainfall, especially 99th percentile or larger-the three vertical lines are 90th, 95th and 99th percentiles. For example, when the observed daily rainfall reached 150 mm/ day, their corresponding percentage simulated daily rainfall was only about 100 mm/day. On the other side, SCL slightly overestimated the extreme daily rainfall of 99th percentile or larger and RMAWGEN seems significantly overestimated the extreme daily rainfall of 99th percentile or larger. For example, when the observed daily rainfall reached 150 mm/day, their corresponding percentile simulated daily rainfall was about 200 mm/day.
Given the large amount of the data points, each model simulations result having 21 points × 100 simulations × 90 years × 365/366 days = 68,844,300 daily rainfall, theplot might be focus on too extreme values. For example, 90% of daily rainfall is smaller than 8.7 mm/day, i.e. below the first vertical lines (Fig. 8) . It needs point out that the independent simulated years are 100 × 90 for each point in this study. That is to say, there is no difference between simulated year 1913 and 1963. However, if the daily temperature is used as a predictor (exogenous variables) for precipitation generation (e.g. Cordano and Eccel 2016 with RGENERATEPREC application), then the simulated 1923 and 1963 are different. It is a complicated question and depends on how the model is used.
The cumulative density functions, or just distribution function, evaluated at x, is the probability that a real-valued random variable is less than x. The empirical distribution function estimates the cumulative distribution function underlying of the points in the sample and converges with probability 1 according to the Glivenko-Cantelli theorem (Athreya and Roy 2016) . Therefore, it is a different point of view to visual inspection of modelled results in comparison with observation. It avoids the disadvantages of q-q plot to focus on extreme values to obtain a better sense of how well moderate to large rainfall is predicted compared to the q-q plot. The results (Fig. 9) shows overall all four models produce good results, but the RGLIMCLIM overestimated the daily rainfall amount for the 80-97th percentiles (y-axis 0.80-0.97), which cannot be seen by its q-q plot. It can partly explain why its q-q plot shows the best fit (Fig. 8) , but its annual rainfall is about 22.5% overestimations. It also shows the RGENERATEPREC underestimates the daily rainfall for the Observed daily rainfall (mm/day) Simulated daily rainfall (mm/day) 95-99th percentiles, while SCL underestimated daily rainfall for 70-90 percentiles but slightly overestimated for 95-99th percentiles. RMAWGEN seems to have a perfect match with observations, which probably is the main reason why its mean and standard deviation of daily rainfall is best simulated (Fig.  7 and Table 1 )-although its extreme daily rainfall was significantly overestimated (Fig. 8) .
One significant difference between the cumulative density functions plot and q-q plot is that maximum daily rainfall from the cumulative density functions plot is only up to 100 mm/ day (Fig. 9) , which is less than half of q-q plot (Fig. 8) . It is because the 100 mm/day is equivalent to 99.94th percentile of observed daily rainfall. The corresponding percentiles of 100 mm/day from four models are 99.92, 99.89, 99.99 and 99.88 for RGLIMCLIM, SCL, RGENERATEGEN and RMAWGEN, respectively. Figure 10 shows the extreme daily rainfall, including annual maximum daily rainfall and 99th and 95th percentiles of daily rainfall, simulated by four models. Overall, they are replicated reasonable results in comparison with observations. However, there are some differences between models and statistics: (1) The RGLIMCLIM performs the best in simulating the daily maximum rainfall, But its 99th and 95th percentile daily rainfalls were overestimated about 16.2% and 29.4% averaging 100 simulations and 21 points. This is consistent with CDF plot (Fig.  9) where the daily rainfall within 80-97 percentiles are overestimated. (2) SCI overestimated the daily maximum rainfall and 99th percentile daily rainfall, for about 16.0% and 16.9%, but it is the best model to simulate 95th percentile daily rainfall. In addition, it has the second largest variations among 100 simulations behind RMAWGEN (Fig. 10) . (3) The RGENERATEGEN underestimated the daily extreme daily rainfall, especially for daily maximum rainfall and 99th percentile daily rainfall. Its underestimation of magnitudes of daily maximum rainfall is the largest among the four models: − 28.3% for the daily maximum rainfall average 100 simulations and 21 points. However, its 95th percentile of daily rainfall is well simulated (Fig. 9) . (4) The mean values of extreme daily rainfall from 100 simulations produced by RMAWGEN seem close to the observation, especially for 99th and 95th percentile daily rainfalls. Their relative errors are 6.1 and −1.2%, respectively. But it has the largest variations among 100 simulations.
Extreme daily rainfall
It is also interesting to note that the median values of 100 simulations show obvious differences among 21 grid points, but the simulated ranges, i.e. the maximum-minimum of intervals from 100 simulations, seems no differences. The possible reasons for this might be that both extreme rainfall amount differences among 21 grid points and magnitudes of extreme rainfall in the study region are not very large. For example, the daily maximum rainfall range from 64.6 and 87.4 mm/day among 21 grid points, and 95th percentile of daily rainfall is about 16.2 mm/day for the study region. These rainfall characteristics make one stochastic simulation for one specific grid point could have larger/smaller extreme rainfall than its 100 simulation median value.
In general, multi-day extreme rainfall is simulated as well as daily statistics (Fig. 11 ), except RGENERATPREC model. A few interesting observations can be noted: (1) The 3-day extreme Daily rainfall (mm/day) Cumulative probability Fig. 9 The empirical cumulative density function of daily rainfall (observation are plotted in black and model results are plotted in red). The observation dataset has 21points × 90 years × 365/366 days = 688,443 daily rainfall points, while the simulation rainfall has 68,844,300 daily rainfall (100 simulations) rainfall (maximum 3-day rainfall and 99th and 95th percentiles of 3-day rainfall) are generally underestimated even with the models of overestimation of daily extremes (Fig. 10) . It is understandable because a stochastic model usually has difficulties to simulate consecutive extreme daily rainfall, while it certainly happens in the real world. (2) The RMAWGEN model produced the best results: The relative errors of mean values of 100 simulations are − 1.8, − 0.5 and 0.4% for 3-day maximum rainfall, 3-day 99th and 95th percentile daily rainfalls, respectively. These values are the smallest magnitudes among four models in every statistics. However, as the daily extremes, it also has the largest variations among 100 simulations (Fig. 11) . (3) As the same for the daily extremes, the RGENERATEPREC is the worst model to simulate the 3-day extreme rainfalls, but with a larger magnitudes of relative errors: − 35.3% for the 3-day maximum rainfall averaging 100 simulations and 21 points, − 30.3% for the 3-day 99th percentile rainfall and − 15.8% for the 3-day 95th percentile rainfall. These are worse than the daily extremes of − 28.2, − 23.5 and − 12.3%. Therefore, these simulation results are not suitable for the extreme rainfall and flooding relevant studies if the 10% tolerance of Srikanthan and McMahon (2005) is used. (4) The simulation results of RGLIMCLIM and SCL fall in between with an underestimation of 3-day maximum rainfall (− 12.3 to − 13.3%) and 3-day 99th percentile rainfall (− 2.6 to − 6.2%), but an overestimation of 3-day 95th percentile rainfall, 19.6% for RGLIMCLIM and 7.3% for SCL.
The simulation results of extremes of 99th percentile and above (Fig. 12) indicate that RGLIMCLIM is the best model to reproduce the observations, while SCL and RMAWGEN o v e r e s t i m a t e t h e e x t r e m e l y d a i l y r a i n f a l l a n d RGENERATEPREC significantly underestimates it. It is consistent with the q-q plot of simulated daily rainfall as shown in Fig. 8 . These extremes could potentially cause significant damage to agriculture, ecology and infrastructure, disruption to human activities, injury and loss of life, as well as important implications for flooding control, infrastructure engineering, insurance, town planning and other activities (Fu et al. 2010b) . Given the large amount of the data points of 68,844,300 as mentioned above, these events are not rarely happened. For example, the 99.99th percentile of daily rainfall, about the middle point of xaxis of Fig. 12 with an observed daily rainfall of about 150 mm/ day, happens about 6884.4 times in each of our four simulations.
Wet spell and dry spell
The wet spell and dry spell have important hydrological implications: the consecutive rainfall generally result in high volume of runoff and streamflow as earlier rainfalls saturate soil moisture and later rainfalls convert into runoff and streamflow, and the consecutive non-rain days are usually associated with drought events.
In general, both RGLIMCLIM and RGENERATEPREC generate similar results as observations in term of lengths of wet spell and dry spell. For example, for the 99th percentile lengths of wet spell, the mean and median lengths among 21 points are 11.0 and 11.0 days, while the RGLIMCLIM and RGENERATEPREC simulate 10.6 and 11.0 days, and 10.7 and 11.0, respectively (Fig. 13) . On the other hand, for the 99th percentile lengths of dry spell, the mean and median lengths among 21 grid cells (Fig. 13) . SCL significantly overestimates the dry spell lengths, especially for the maximum and 99th percentile of dry spell length (Fig. 13) . The mean and median values of the observed maximum and 99th percentile of dry spell lengths are 58.1 and 57.0 days, and 25.2 and 25.0 days, respectively, while their respective values for SCL are 95.6 and 95.0 days, and 36.8 and 36.9 days. These are about 65 and 47% overestimations for the maximum and 99th percentile of dry spell lengths, respectively. This is hard to be acceptable from both climatological and statistical points of view.
The RMAWGEN underestimated lengths of wet spell, especially for 99th and 95th percentiles, as well as median lengths of wet spell (Fig. 13) . For example, for the 99th and 95th percentile lengths of wet spell, the mean and median lengths of wet spell among 21 grid cells are 11.0 and 11.0 days, and 6.8 and 7.0 days, respectively. But the RMAWGEN simulated the corresponding values are 8.9 and 9 days, 5.7 and 6 days, respectively, about 15-20% underestimations (Fig. 13) . Max dry spell (days) Max wet spell (days) 99th wet spell (days) 95th wet spell (days) Fig. 13 The maximum, 99th and 95th percentiles and median of wet spell and dry spell from observations and four model simulations. The boxes indicate the 25th(Q1), 50th and 75th(Q3) percentiles and the whiskers indicate the lowest value within the lower limit of Q1 − 1.5(Q3-Q1) and the highest value within the upper limit of Q3 + 1.5 (Q3-Q1) (Fig. 13) .
Spatial distribution (occurrence and amount)
Figures 14, 15 and 16 show that the pairwise correlation coefficients of rainfall occurrence (Fig. 14) , daily rainfall amount (Fig. 15 ) and annual rainfall (Fig. 16 ) from observations and four model results. Each figure has 210 data points, which are correlation coefficients between observed and simulated rainfall times. The sample size n = 21 × 20/2 = 210 comes from each grid point has a correlation coefficient with rest 20 points. Overall, the models produced reasonable results with underestimations. Part of the reason for this is that the area of the study catchment is relatively small and the gridded rainfall was interpolated from a limited number of meteorological stations, which make the rainfall among grid cells highly correlated. For example, the pairwise correlation coefficients of daily rainfall range from 0.69 to 0.99 with a mean value of 0.87 and a median value of 0.88.
It is not surprising that rainfall occurrence (Fig. 14) was better simulated than rainfall amount (Figs. 15 and 16 ), as three (RGLIMCLIM, SCL and RGENERATEPREC) out of four models used fitted a rainfall occurrence model at first step, and then a separate rainfall amount is followed. It is also understandable that annual rainfall correlation is generally better simulated than daily rainfall (Figs. 15 and 16 ), as annual rainfall sums the daily rainfall in a specific year.
It is interesting to note that the RGENERATEPREC performs the best in simulating the rainfall occurrence and its pairwise correlation coefficients are almost perfectly matched with observations (Fig. 14) . However, its pairwise correlation coefficients of rainfall amount is the worst among the four models. It implies that the rainfall amount of RGENERATEPREC may not be suitable for the study catchment. Our early study (Fu et al. 2010a) shows that the root transform might be a better model for rainfall amount for the Australia and it has potential to improve the performance of RGENERATEPREC, but it is out of scope of the current study.
The RGLIMCLIM seems to produce an overall high pairwise correlation coefficients of rainfall occurrence (mean and median values of 0.69 and 0.69, the closest to observations of 0.73 and 0.72), but does not correspond to each individual value (Fig. 14) . It is because a correlation-based dependence structures is used, instead of holding empirical pairwise correlation coefficients.
It needs point out that the relief is very important for the generation of spatial areal precipitation and spatial structure of precipitation. However, the relief information was not used in this study as an input/predicator of weather generators. It is 
Conclusions
Four weather generators models (RGLIMCLIM, SCL, RGENERATEPREC and RMAWGEM) were used in this study to generate multi-site daily rainfall for a 3000-km 2 catchment in Australia. The results showed they produced a large range of variability with each model having its own advantages and disadvantages (Table 1) , because weather generators are based on different theory and principles. For example, the RGENERATEPREC performed the best to simulate the spatial correlation of rainfall occurrence and its pairwise correlation coefficients are almost perfect matched with observations (Fig. 14) . However, its pairwise correlation coefficients of rainfall amount is the worst among the four models (Figs. 15 and 16) ; the RGLIMCLIM is the best model to simulate daily rainfall, especially for extreme daily rainfall over 99th percentile (Figs. 8 and 12 ), but its annual rainfall is overestimated (Fig. 4) ; SCL can accurately simulate daily, monthly and annual rainfall amounts as well as annual variability and extreme daily rainfall (Figs. 4, 5, 6, 7, 8, 9 and 10), but its dry spell length was significantly overestimated (Fig. 13) . This again enhances our conclusion that multiple models do have advantages over a single weather generator.
These simulation results will be used for climate change and variability impacts on hydrological and water resources in the study catchment and for comparisons with impacts of coal seam gas and coal mining on water resources. Three out of four models (RGLIMCLIM, SCL, RGENERATEPREC and RMAWGEM) have an option to include exogenous weather variables (MSLP, humidity, wind, geopotential heights, etc.) , which can be used as a predictor vector for statistical downscaling for climate change studies. A few examples with GLIMCLIM/RGLIMCLIM are Yang et al. (2005) , Yan et al. (2006) , Frost et al. (2011 ), Liu et al. (2013 and Ambrosino et al. (2014) .
It needs to point out that models can be further calibrated/ improved to have a Bbetter^performance in comparison with observation. For example, the RGLIMCLIM does have a parameter to control every single month rainfall occurrence, and it then could simulate exact rainfall occurrence for every single month to have a perfect match with observations. However, we chose not to do so in this study for two reasons:
(1) to get a full ranges of variability. For example, monthly rainfall shifts from GCMs have been identified (Fu et al. 2013a) and it does have hydrological implications, and extreme rainfall is expected to enhance in the climate scenarios; (2) there are uncertainties associated with observation data, which are interpolated from limited stations to produce a high pairwise correlations and many tiny rainfall amount-27.0% (22.4-33.9% from cell to cell) of days in the last 90 years has a daily rainfall amount of between 0 and 1.0 mm.
This study and the presented results are for a catchment in Australia, but its conclusions of advantages using multiweather generators should be valid for other regions and catchments to assess the impacts of climate variability and changes. The applications of stochastic rainfall data generated here to assess the cumulative impact of coal resource development in the context of climate variability and climate change is an on-going study.
